We present a computerized method for the semi-automatic detection of contours in ultrasound images. The novelty of our study is the introduction of a fast and efficient image function relating to parametric active contour models. This new function is a combination of the gray-level information and first-order statistical features, called standard deviation parameters. In a comprehensive study, the developed algorithm and the efficiency of segmentation were first tested for synthetic images. Tests were also performed on breast and liver ultrasound images. The proposed method was compared with the watershed approach to show its efficiency. The performance of the segmentation was estimated using the area error rate. Using the standard deviation textural feature and a 5×5 kernel, our curve evolution was able to produce results close to the minimal area error rate (namely 8.88% for breast images and 10.82% for liver images). The image resolution was evaluated using the contrast-to-gradient method. The experiments showed promising segmentation results. 
The segmentation of ultrasound images is necessary in clinical applications of medical imaging, but automatic techniques are still far from being fully developed. Segmentation allows us to distinguish objects from the background, and the most popular methods are pixel-based, region-based, edge-based and model-based [1] .
Ultrasound image segmentation is used to obtain qualitative and quantitative information about objects from an image. In clinical practice, manual techniques to segment ultrasound images are often used, but they are laborious and tiring. The repetitive and monotonous delineation of tissue formation contours and distinguishing of contour variations by radiologists give rise to an increase in delineating faults. More sophisticated techniques are demanded. Various semiautomatic segmentation techniques and their clinical applicability have been reviewed [2, 3] . Active contour methods for image segmentation allow a contour to accommodate to the variability of the biological structures. Initially, this method establishes the contour and allows it to move to the boundary of the object using an energy function. Two types of active contour models, namely parametric active contour models (ACMs) and geometric active contours models, are typical semiautomatic segmentation techniques [4] . Active contours were introduced by Kass et al. [5] and developed by Terzopolus [6] to allow the segmentation of objects using dynamic snakes or curves. Lefebvre et al. [7] used an ACM to automatically determine the boundary of the calcaneus from ultrasound images. Their method correctly detected the boundary in the great majority of cases. A computer-aided method using a variable background active contour model was implemented by Maroulis et al. [8] to delineate thyroid nodules in thyroid ultrasound images.
The snake approach has been successfully applied to liver ultrasound images to detect hepatic tumors [9] or to ex-tract the shapes of gallbladders in the early diagnosis of gallbladder lesions [10] . A snake model that automatically detects the intimal and adventitial layers of the common carotid artery from ultrasound imagery was proposed by Cheng et al. [11] , and developed by Mao et al. [12] and Loizou et al. [13] . An automatic initial contour-finding method for boundary detection in ultrasound images was established by Chen et al. [14] and Huang and Chen [15] . To quantify the cardiac function, a method based on an extension of the ACMs was designed and the left-ventricular epicardial and endocardial borders were traced into echocardiographic images [16, 17] . A combination of image processing techniques has been used for more effective segmentation. For example, Mudabhushi and Metaxas [18] used low-level image filtering, speckle reduction, probabilistic classification of image pixels based on intensity and texture as well as deformable models to segment breast lesions from ultrasound images.
ACMs were also used to locate the object boundaries in various applications of medical image processes such as segmentation of different abnormalities in the human liver [9] , heart [16] , calcaneus [7] and breast [19] . As a first step, the active contours are manually initialized near an organ boundary, and the process automatically deforms the contour toward the boundary. The main drawbacks are the need for accurate initialization, correct tuning of the deformation parameters, and iteration to a local minima. The mentioned research papers deal with active contours and present various methods to improve initialization, speed, and robustness.
In this paper, the ACM and standard deviation texture feature are adapted for ultrasound images of breast cysts and the polycystic liver, and their efficiency and accuracy are tested on synthetic images. Our original contribution consists of replacing the image function of the ACM with the image features described below. The specific goal is to determine the best result of employing the method to promote robust segmentation of actual B-mode ultrasound data. Synthetic ultrasound images are used to test the algorithm since the true object boundary is known. This approach allows us to compare our results with the boundaries of interest in images hand-drawn by radiologists. Following this, the accuracy of the method is evaluated.
For comparison, the watershed algorithm for image segmentation is also used. Watershed and snake methods are extensively used in the segmentation of ultrasound images, particularly in locating object boundaries. Breast and liver ultrasound images that have frequent boundary discontinuities are often problematic in the extraction of accurate contours. In the first effort to overcome such problems, the watershed method has been successfully applied. It has the ability to create closed boundaries and it has a fast implementation algorithm; however, the watershed scheme has a major problem of over-segmentation [20] . Huang and Chen [21] employed initial over-segmentation using a watershed algorithm, and then used an ACM to refine the segmentation results. Sharma et al. [22] demonstrated that the ACM outperforms the watershed method and extracts a more accurate area than the watershed method. Moreover, Zhao and Zhuang [23] proposed a hybrid method using both watershed and snake methods in boundary detection. Our choice of the watershed algorithm is justified because the algorithm is able to produce a complete division of the image. Additionally, the contrast-to-gradient (CG) method for evaluating image resolution [24] and the execution time are used as qualitative assessment tools. This paper is organized as follows. Section 1 presents the methods and mathematical description of the proposed ACMs. Experimental results are given in Section 2. Results and discussion are presented in Section 3. Finally, the paper is concluded in Section 4.
Materials and methods
The proposed method basically comprises two steps: (i) a pre-processing phase in which the original image is mapped using moving standard-deviation kernels to obtain a new image feature I SD and (ii) image segmentation using an ACM. The desired contour is accordingly identified, using the ACM and the new image feature. These two steps are applied to synthetic and in vivo images in this work. Figure 1 depicts the concept of contour movements used to fix an image as edges or a border. This concept has been adapted to our goals. The darker sample represents the analyzed object and the black points are the initial nodes of the snake. The point S(1) marks the start point of the curve and the point S(n) marks the end point.
The ACM or snake is a parametric curve defined in an image domain as ( ) 
This curve represents the position of a snake that deforms the shape and moves within the spatial domain of an image to minimize the energy function [4, 5] : where snake E is the snake's energy at a certain point [25] . This energy function is used to move the snake across an image.
Eq. (2) describes the total energy of snakes:
where int ( ( )) E S u is the internal energy of the spline and img ( ( )) E S u gives rise to the image energy, and con ( ( )) E S u gives rise to the external constraint forces [5] . The internal energy presented by eq. (3) is composed of first-and second-order derivatives, controlled by the weighting parameters  (i.e., the elasticity of the snake or the ability of the snake to act as a membrane) and  (i.e., the rigidity of the snake or the ability of the snake to act as a thin plate):
Elastic energy Bending energy
Image energy E img is used to drive the contour towards the desired image features, such as boundaries. In the well-established ACM [26] , this energy function is estimated taking into account the results of the edge detection and it is calculated following the mathematical formalism presented below.
At (x, y) in a gray-level image I(x, y), finding the edges can be described using the energy functions [27] :
where ( , ) G x y  is a two-dimensional Gaussian kernel with standard deviation .  and * indicate the gradient and convolution operator, respectively. In eq. (5), to reduce the noise effect on the image, Gaussian filtering is applied [28] .
If salient image features (namely strong edges) are presented, the contour will be easily driven towards the object boundaries. The problem becomes more complicated in the absence of strong edges, when the model cannot correctly detect objects and it tends to collapse. During its movement, the snake encounters edge fragments caused by noise that may keep it from reaching the contour of the object. The limits and drawbacks of the snake are associated with initialization and poor convergence in noisy images.
It is well known that E img depends solely on the values of image intensity along the path of the spline. An important step in employing the snake model is providing an appropriate term for the image energy, because the snake will try to position itself in areas of low energy. In view of controlling over-segmentation and overcoming these limitations, we replaced the original image I(x, y) with the function in eq. (6) that provides a smooth image so that the snake will be more attracted towards contours with large image gradients. In our approach, an image feature representing a new image is reconstructed according to the content of the original image, even if the value of each pixel is replaced by the local standard deviation values computed in k×k (k=3, 5, 7) masks. This new image feature I SD function integrates the image information and pixel relation:
where M(x, y) denotes the average gray-level values in the neighborhood V n (x,y) [7, 29] :
.
This function can be interactively controlled by choosing an appropriate initial contour. Its main advantage is its sensitivity to the image scale due to the smoothing operation on the image energy function.
In this new image, the value of each pixel is equal to the local standard deviation of the gray-level values calculated from the original image using the chosen kernels. We avoided using larger kernels because they usually produce an image feature without strong edges and therefore such a model would be unable to correctly detect objects and would tend to collapse. If the kernel is small in size, more iteration will be needed to scan the object.
To surpass the discrepancy of image sizes, each image feature I SD was bordered with a frame having the same dimensions as the selected mask.
The iterative algorithm implemented to extract the image features based on formulas (6) and (7) Figure 2 ) were used to test our solution because the simulated object boundary is known for these images. An ultrasound image of a circular object in a homogeneous background was created using Macromedia Fireworks 8 software [30] . The goal was to determine the compatibility between the proposed image features I SD and the ACM. When the algorithm was implemented in Matlab software, the elasticity parameter  = 0.4 and rigidity parameter  = 0.2 were kept unchanged for all snakes in all tested images, but the iteration number of the algorithm and the circle radius were guided by the size of the cysts. A well-established and accepted criterion for evaluating the performance of segmentation algorithms does not yet exist. The area error rate (AER) was used for contour validation and quantitative assessment of the performance of the proposed algorithm for both synthetic and in vivo images [10] . The AER allows estimation of the difference (in percent) between the occupied areas of images. The mathematical details were presented by Ciecholewski [10] . Here we briefly review the notations: Lv accon is the fragment of the image obtained using the ACM; Lv manual is the image fragment extracted manually; 
where a UR is the number of pixels in the area UR, a IR is the number of pixels in the area IR, and a MSR is the number of pixels in the manually extracted area denoted MSR. The MSR is the areas of cysts manually obtained by specialist physicians. In our approach, area variation exceeding 12% indicates over-segmentation or under-segmentation. Here, the contrast-to-gradient (CG) method proposed by Ishitani [24] was used to estimate the image resolution. The CG resolution is defined as the weighted harmonic mean of the local resolution. The CG method is a powerful tool for the robust evaluation of image resolution.
The hardware of the experimental environment was an Intel (R) Core (TM) 2 Duo CPU T5900, 2.20 with 3-Gb RAM, operating Toolbox Processing Image within MATLAB R2009a. One synthetic image, 16 clinical breast cyst images and 10 polycystic liver images were used to test the proposed algorithm, and 81 contours were finally obtained. The images were acquired using a commercial imaging scanning system SLE-401 (manufactured by Medelkom Ltd.) and a linear probe with a frequency of 6.5-9 MHz. Each pixel in the acquired image had resolution of 8 bits. Two experienced radiologists manually delineated all tumor contours.
Results
Examples of breast and liver cysts in ultrasound images are shown in Figure 3A and D respectively. The measurements of the performance and efficiency of our common frame- work are presented in Tables 1 and 2 , and examples of the results are shown in Figures 4 and 5 . A synthetic image in the shape of a disk was drawn and the snake was initialized as a circle in this synthetic image (Figure 2A ). The synthetic image had a radius of 40 pixels and the snake had a radius of 50 pixels. Here, the nodal points that represent the initial position of the snake were fixed. The next step obtained the image features I SD of the synthetic image using the standard deviation of the gray-level value calculated for kernel sizes of 33, 55 and 77. This step was iteratively repeated for each image feature. The convergence of the ACM onto image features is shown in Figure 2BD .
For in vivo ultrasound images, the compatibility between the first-order feature energy function and the ACM was 
Figure 4
Image feature corresponding to the image presented in Figure  3A . A, C and E, The image features I SD for 3×3, 5×5 and 7×7 kernels extracted from the breast cyst ultrasound image. B, D, and F, The active contours or snakes (in black) of boundaries derived using 3×3, 5×5 and 7×7 kernels. A large kernel (such as a 7×7 kernel) will produce blurred boundaries. As a result, the capture range is increased and the potential function becomes less sharp and the boundary localization will become less accurate and distinct.
Figure 5
Image feature corresponding to the image presented in Figure  3C . A, C and E, The image features I SD for 3×3, 5×5 and 7×7 kernels extracted from the liver cyst ultrasound image. B, D and F, The active contours or snakes (in white) of boundaries derived using 3×3, 5×5 and 7×7 kernels.
tested using the following procedure. First, the physician manually drew the contours for each cyst as shown in Figure 3B and E. The ACM fitting ability for the original im-ages is presented in Figure 3C and F. The images were then imported into Matlab and the automatic ACM was implemented. The image feature I SD was generated using 3×3, 5×5 and 7×7 standard-deviation kernels. Figures 4 and 5A , C, E illustrate the resulting image features. The ACM detection ability for image features is shown in Figures 4 and 5B, D, F. Tables 1 and 2 give the effectiveness data for the proposed method in terms of the AER. Table 3 presents the same AER data to compare different methods for the same technique of segmentation. Finally, Table 4 gives the execution time for the ACM and watershed methods. The resolution variation of the image feature was quantitatively evaluated using the CG method. The CG values for the synthetic image and various masks were 41.11 for the original image, 62.05 for I SD3×3 , 72.36 for I SD5×5 , and 75.28 for I SD7×7 . The average values of CG for the breast ultrasound images and masks were 46.8 for the original image, 69.78 for I SD3×3 , 77.98 for I SD5×5 , and 62.39 for I SD7×7 . The average values of CG for ultrasound liver images were 54.76 for the original image, 78.54 for I SD3×3 , 87.02 for I SD5×5 , and 58.17 for I SD7×7 .
Discussion
The textures of cysts in the breast and liver differ and cysts have varying degrees of visibility; thus cysts are difficult to segment. From a clinical point of view, cysts are generally benign, so there is no immediate clinical application of the segmentation; the results are meant to illustrate the operation of the first-order statistical feature and ACM techniques.
In the case of the new synthetic-image feature, obtained using a 5×5 kernel and presented in Figure 2C , it is seen that the snake surrounds the disk very well and the best value of the AER (4.79% error relative to the real cyst area) was obtained. Figure 2B and D shows a local surpassing of the contour. The better edges, extracted using I SD and the 5×5 kernel, resulted in much better final segmentation. Generally, as seen in Figures 4 and 5 , regions were precisely segmented. It is worth mentioning that for in vivo images, the contours of the cyst were delineated very well when the I SD image feature for the 5×5 kernel was used. The AER average value was 8.88% for the breast cyst and 10.82% for the liver cyst, and the accuracy of the ACM method was, on average, 91%. Differences along the boundary were likely due to noise and speckle in the images.
To drive ACMs towards object boundaries, salient image features and strong edges are required. When the external energy function is minimized, the snake is attracted towards the edge points of the image and the shape of the snake is smoothed. We optimized the weighting parameters of the internal energy taking into account three issues: (i) when a snake having low elasticity and rigidity parameter values moves towards the object, it meets erroneous edge segments in the image but, finally, it finds a local minimum; (ii) a snake having mid-range parameter values surpasses the erroneous edge and moves towards the object and aligns itself closely around the contour of the object; (iii) a snake having highest parameter values shrinks and surpasses the contour of the object. The third case of surpassing the contour of the object is unacceptable and is related to the degeneration of the snake. Our choice was  = 0.4 for the elasticity parameter and  = 0.2 for the rigidity parameter. These values were used for all snakes in all tested images (both synthetic and in vivo images).
The proposed method represents an improved approach because it takes into consideration the textures in local regions of the images rather than the texture analysis of the whole image. The immediate advantage is that we can analyze complex images. Additionally, this method combines global echogenicity information with local edge information. Considerable efforts were made to optimize this algorithm. It is anticipated that the optimization of the active contour segmentation algorithm depends on focal points (regions of interest determined manually), the distribution of pixel values due to speckle (kernel size), and choice of the energy function. If we choose an improper initial condition, the process provides a poor result or it requires a long processing time. The obtained results show that a large 7×7 kernel produces an I SD image feature without strong edges and this model cannot correctly detect objects and it will tend to collapse. However, if the kernel is small (e.g., 3×3), then more iteration will be needed to scan the object. In our study, I SD has strong edges for kernel dimensions of 55. However, the proposed method cannot replace the physician's practical experience.
The limitation of the proposed algorithm is the manual interaction in fixing the contour and establishing the necessary number of iterations. For the synthetic image, 250 iterations were needed. For in vivo images, the number of iterations required for convergence was between 30 and 60. According to the results presented by Cvancarova et al. [9] , liver tumor boundaries have been determined using about 40 iterations. Another drawback is the spatial positioning of the snake initialization. If the snake is initialized "too far" from the cyst boundary in terms of shape and position, it is possible that the contour may not converge onto the cyst boundary. The key observation here is that the snake algorithm says nothing about the initial location of a snake, and this must be manually determined by the physician. The active contour algorithm based on the image feature avoids the collapse of the snake when there is poor convergence in noisy images. As a final remark, we note that the parameters of the ACM can be better tuned for any ultrasound image regardless of the quality of the image.
Our primary objective in this work was to investigate the clinical utility of the image features extracted from ultrasound images and to detect the contours of breast and liver cysts using the ACM. The AER was used as an established tool for validating the segmentation accuracy. Our results are in accordance with the studies of Ciecholewski [10] , who tested the ACM on ultrasound images to extract the shape of the gallbladder, and studies carried out by Seo et al. [31] on the automatic segmentation of the liver using computed tomography images. In both papers, the AER is used as an evaluation criterion of the performances.
From the experimental data presented in Tables 1 and 2 , we conclude that the semi-automatic detection of contours of breast cysts using the ACM has better performance than the use of the original cyst breast ultrasound image when the 5×5 kernel is used. In the case of breast images, the AER is 14.90% for original images versus an average value of 8.88% for the 5×5 kernel. In the case of liver images, the result is 16.55% for the original image delineation versus 10.82% for the 5×5 kernel. The same result is obtained for the synthetic image (5.64% for the original image versus 4.79% for the 5×5 kernel).
To qualify our contribution, we compared the proposed approach with the classical approach of the watershed method. Experimental results show that our method gives better results. Table 3 compares the AER results for the watershed method and our proposed method. The AER average value for the 5×5 kernel is 8.88% for the breast cyst and 10.82% for the liver cyst when the ACM is used, whereas the AER average value is 21.26% for breast images and 30.62% for liver images when the watershed method is used. Table 4 gives the execution times for the watershed and ACM methods. The time for the watershed method is considerably less than that for the ACM method, and consequently, the watershed algorithm is much faster in image segmentation. However, when we compare the AER values provided by Tables 1-3 , the segmentation results are more precise for the ACM while the watershed algorithm produces large errors.
Calculated CG values confirmed, as expected, that the 3×3 and 5×5 masks were better choices for fitting noisy images and were apt to lead towards better resolution for ultrasound images.
These results confirm the efficiency and utility of the image feature of the standard deviation of the gray-level values in the ACM. We also note that the size of the kernel is a critical factor in the successful application of this type of segmentation.
Conclusion
Segmentation remains a necessary stage in ultrasound imaging to obtain qualitative measurements such as the correct detection of the border of the object of interest. This paper presents a new approach to extract the shapes of breast and liver cysts from ultrasound images using image features developed with the standard deviation and ACM. In the case of contour detection using the image feature and a 5×5 kernel, the method correctly detected boundaries. As AER values were small, we conclude that replacing the image function with the standard deviation image feature provides good results in border detection.
We also compared our contribution with the watershed method. Although the ACM required approximately three times the computing time, the watershed segmentation method did not demonstrate explicit advantages over the proposed method. 
